The use of genome-wide association studies (GWAS) to detect quantitative trait loci (QTL) controlling complex traits has become a popular approach for studying key traits in crop plants. The goal of this study was to identify the genomic regions of barley (Hordeum vulgare L.) that impact five agronomic and one quality trait in U.S. elite barley breeding lines, as well as to identify markers tightly linked with these loci for further use in barley improvement. Advanced recombinant inbred lines submitted to the U.S. Barley Coordinated Agricultural Project (CAP) were genotyped using a platform of 3072 single nucleotide polymorphism (SNP) markers from the barley oligonucleotide pool assays (BOPAs) 1 and 2. In each of 4 yr, approximately 770 lines were evaluated in a replicated, randomized complete block design under both irrigated and dryland conditions. This gave an overall population size of >3000 lines, which we analyzed in a hierarchical fashion, including analyzing the lines in aggregate using a mixed model to account for population structure and relatedness among the lines. We identified 41 significant marker-trait associations, of which 31 had been previously reported as QTL using biparental mapping techniques; 10 novel marker-trait associations were identified. The results of this work show that genes with major effects are still segregating in U.S. barley germplasm and demonstrate the utility of GWAS in barley breeding populations.
T he aim of QTL mapping in agronomically important crops is to find associations between genomic regions and traits that are of importance to the value of that crop. Once a significant association is found, the markers delimiting wthat genomic region can be used for selection in a breeding program, with the aim of increasing gain per unit time (Lande and Thompson, 1990) . By identifying regions of the genome that impact traits of interest, we also gain insight into the overall genetic architecture of traits, which may subsequently influence breeding methods used to improve the trait. The traditional approach to identify genomic regions of interest has been biparental mapping. In biparental mapping, a population segregating for the trait of interest is created by intermating two parents that differ for the respective trait. This technique has proven extremely useful, as indicated by the plethora of published studies using the approach (Bernardo, 2008) . However, biparental mapping is not without its limitations, including: only a small fraction of species-wide allelic diversity is sampled by using two parents; the estimation of the allelic effects are restricted to the genetic backgrounds used; the limited number of recombination events within the population leads to poor localization of the QTL; and the need to construct a population segregating for the trait of interest (Jannink et al., 2001) . Although biparental mapping has proved valuable to crop improvement, advances in genomic technologies and statistical methods have led to the implementation of GWAS.
Genome-wide association studies take advantage of historical recombination that has occurred within a germplasm collection by sampling numerous lines from a broader population not constrained by specific crossing. The associations between genotype and phenotype are dependent on linkage disequilibrium (LD), the nonrandom association of alleles, being broken down by many generations of recombination. In contrast to biparental mapping, the number of markers implemented in GWAS must be substantially larger so that LD is ensured between causative alleles and markers (Newell et al., 2012) . High marker density has become possible by the rapidly declining cost of marker development and assays. Genome-wide association studies can realize higher mapping resolution of QTL due to the decreased size of linkage blocks. This has important implications in applied breeding, since the significant marker will be more tightly linked to the QTL of interest, and therefore the likelihood of recombination between the marker and QTL will be reduced. Genome-wide association studies are not without their own complications-most notably, the potential for the confounding effect of population structure which can lead to spurious associations (Marchini et al., 2004) . Several statistical methods have been used to account for population structure, including principal component analysis (PCA; Price et al., 2006) as well as fitting mixed linear models to account for population structure, marker, and polygenic effects, termed Q + K model (Yu et al., 2006) .
Barley represents one of the earliest domesticated crops, and today is the fourth largest cereal crop in terms of area and biomass harvested (http://faostat.fao.org, verified 8 Apr. 2014). Barley has also had the advantage of being the focus of a large international collaborative effort to develop new genomic technologies to aid in the genetic understanding of the crop, as well as to assist in breeding efforts. The Barley CAP was designed to conduct association mapping within breeding program materials provided by public and private U.S. breeding programs.
The overall structure of the Barley CAP was for each of 10 breeding programs to submit 96 elite lines each for 4 yr for evaluation. The submitted germplasm contained a wide array of genetic diversity, as lines were two and six-rowed, winter and spring growth habit, and of malt, feed, and food end use (Hamblin et al., 2010) . Subsets of the submitted entries were evaluated in numerous trials, spanning the entire region of barley production in the United States so that phenotype data could be collected and cataloged for further study. Since the germplasm of the Barley CAP consisted of elite breeding material, identified beneficial alleles could be incorporated into the creation of new cultivars with limited deleterious effects (i.e., linkage drag). By identifying novel, useful alleles and associated diagnostic markers, barley breeders will be better able to develop cultivars at a more rapid pace to meet environmental changes as well as production and market demands.
Key agronomic traits that are routinely evaluated in barley yield trials include grain yield, plant height, heading date, grain test weight, and kernel plumpness. Grain protein content is also commonly measured due to its large impact on malting barley acceptance, since protein levels that are too high lead to grain being rejected for malt use (Schwarz and Li, 2011; See et al., 2002) . Improvement of these key traits, especially grain yield, kernel plumpness, and grain protein content, is critical in the development of new barley varieties (Schwarz and Li, 2011) .
A large number of QTL studies have been conducted on agronomic traits in barley using traditional biparental mapping populations (Hayes et al., 2003) , but the employment of these QTLs in applied breeding has been limited due to the shortcomings listed above. Conducted in barley, GWAS have already proven useful in studying multiple traits (Cockram et al., 2010; Comadran et al., 2008 Comadran et al., , 2011 Massman et al., 2010; Ramsay et al., 2011; Roy et al., 2010; Wang et al., 2011 Wang et al., , 2012 Steffenson, 2013a, 2013b) so its application to agronomic traits should prove to be beneficial. Because agronomic traits are evaluated and used in selection on a continual basis, efficient marker-assisted selection for these traits could accelerate the development of new barley lines.
In the present study, we sought to identify markertrait associations for yield, heading date, plant height, test weight, kernel plumpness, and protein content. To achieve this, we evaluated all of the spring barley entries in the Barley CAP over the course of 4 yr in one location under dryland and irrigated conditions. Using these data, in conjunction with the genotypic data, we conducted GWAS to identify the regions of the barley genome that impact these traits in our given target environment. By using such a large and diverse population for study, we were able to identify several major QTLs impacting these traits, supporting much of the previous work conducted on agronomic trait analysis. We were also able to identify 10 novel marker-trait associations that impact plant height (three associations), kernel plumpness (four), test weight (two), and yield (one). Some of these associations had a relatively large impact on the respective trait and should be quite useful. Overall, the marker-trait associations identified in this work will be valuable tools which can be directly utilized for the improvement of barley cultivars.
Material and Methods

Germplasm and Experimental Design
The entire spring Barley CAP germplasm panel was used for these analyses. This panel consists of lines submitted by eight spring barley breeding programs which include the following: Montana State University; USDA-ARS; Aberdeen, ID; Busch Agricultural Resources Inc.; University of Minnesota; North Dakota State 2-rowed; North Dakota State 6-rowed; Utah State University; and Washington State University. Each year, participating breeding programs submitted 96 lines, each of advanced material that included varieties and advanced lines that were inbred to at least the F 4 generation, which gave a total annual population size of 768 individuals. The evaluation of the Barley CAP spring lines was conducted over a period of 4 yr, giving a grand total of 3070 lines (Aberdeen omitted 2 lines in 2006). An irrigated and dryland field trial was conducted in the years 2006, 2007, and 2009; 2008 was lost due to hail. In 2010, only the dryland trial was conducted. The germplasm used in this panel represented the current genetic diversity of U.S. spring barley breeding efforts.
The lines that were submitted by each program in the respective year were evaluated in Bozeman, MT, at the Arthur Post Research Farm (45°40¢ N, 111°09¢ W). The representative panel of each year was planted in a randomized complete block design with two replications in two environments: dryland and irrigated. Plots were 1.22 m in length by four rows wide, seeded at a rate of 20 g per plot and managed with standard practices. Feekes scale was used to assess the developmental stages of the plants (Large, 1954) . The 10 common check cultivars used throughout the experiments were: AC Metcalfe, Baronesse, Craft, Eslick, Geraldine, Harrington, Haxby, Hockett, Robust, and Tradition. Checks were included in subsequent association analyses.
Data from an onsite weather station was also collected and analyzed to assess yearly growing conditions using PROC GLM in SAS v. 9 (SAS Institute, 2012).
Genotype and Phenotype Data
All submitted lines in the Barley CAP were genotyped at the USDA-ARS Biosciences Research Lab located in Fargo, ND. Lines were genotyped using two Barley Oligo Pool Assays (BOPA1 and BOPA2), composed of 1536 SNPs on the Illumina GoldenGate platform (Illumina Inc., San Diego, CA). The design and development of the two BOPAs is described in detail in Close et al. (2009) . For placement of markers, the genetic map generated by Close et al. (2009) was used. It is available for downloading on barley HarvEST database (Wanamaker and Close, 2012) .
All data used in this study are available from The Triticeae Toolbox, http://triticeaetoolbox.org (verified 8 Apr. 2014) , which now houses The Hordeum Toolbox . The genotype data were downloaded from The Hordeum Toolbox, setting the minor allele frequency (MAF) to 0.01, and the maximum missing data to 20%. The associated phenotype data was downloaded as well.
Five agronomic traits: plant height, heading date, percentage kernel plump, grain test weight, and yield; and one quality trait: grain protein content, were analyzed in this study. Plant height was measured as the average height of an arbitrary sample of plants gathered from the middle of the plot. Height is reported as distance, in centimeters, from the ground to the top of the inflorescence, excluding awns. Heading date was assigned when 50% of the spikes had emerged from the boot, reported as day of the year. Protein and kernel plumpness were both reported as percentages. Kernel plumpness is the percentage of sample remaining on top of a 0.24 by 1.9 cm slotted screen after 30 s on a plump shaker. Grain protein content was measured using near infrared spectroscopy with an Infratec Grain Analyzer (Foss, Hillerod, Denmark). Test weight was reported as grams/liter, and yield as kilograms/hectare. Data for protein and kernel plumpness were not transformed, so that results and estimated allele effects could be interpreted in a meaningful manner. Descriptive statistics were calculated using PROC MEAN and trait means were analyzed using PROC GLM in SAS v. 9. To assess the homogeneity of variances of the six different traits among respective data sets (e.g., 2006 dryland, 2006 irrigated, 2007 dryland) , Levene's test was conducted in SAS v. 9.3 using PROC GLM.
Population Structure
Given that all lines from the eight barley breeding programs were analyzed in aggregate for each year as well as all years, strong population structure was expected. To assess this structure, PCA was conducted using the SNP marker data for all lines in a given year using the program TASSEL v. 3.0 (Bradbury et al., 2007) . Single nucleotide polymorphism data was imputed using a three-nearest neighbors algorithm, with distances measured in Manhattan distance with an unweighted average. The covariance and number of components options were selected in the PCA analysis window, and the resulting principal component (PC) loadings for each line were exported for the creation of graphs in the statistical program R (R Development Core Team, 2012).
Population structure was also investigated using the program STRUCTURE (v. 2.3.4) (Falush et al., 2003; Pritchard et al., 2000) . A reduced set of 136 markers that were spaced approximately 9 cM apart were used to estimate population structure and to calculate a subpopulation membership matrix (Q). Two to 15 hypothetical subpopulations were modeled using a burn-in of 10,000 cycles with 50,000 iterations, with 20 independent runs at each subpopulation level. The entire Barley CAP spring panel was used for assessing population structure, and the values from the Q matrix for each of the lines were used in subsequent analyses. The optimal subpopulation level was chosen using the method of Evanno et al. (2005) . Once the optimal subpopulation number was found, it was used in the final analysis conducted by using a burn-in of 50,000 and 200,000 iterations to calculate the final Q matrix.
Association Analyses
Since the goal of the study was to identify marker-trait associations in the entire U.S. spring Barley CAP population, GWAS were conducted in three steps, based on how the phenotype data was utilized. Analysis 1 was conducted using the least square means for each environment and year. PROC GLM in SAS v. 9.3 was used to calculate the line least square means in each environment for each year (i.e., 2006 dryland, 2006 irrigated, 2007 dryland, 2007 irrigated) . Genome-wide association studies were then performed on each set of phenotype data, and the results were compared across environments and years. Marker-trait associations detected in multiple years and/or across multiple environments were deemed most significant. Analysis 2 was based on using yearly averages. Again, the PROC GLM statement was used to calculate line least square means across each replication in both environments, so that there was one phenotype data set for years 2006, 2007, and 2009 . In 2010, only the dryland trial data was available; therefore, the yearly averages were not used in this analysis. Analysis 3 was based on using standardized data sets. The PROC STANDARD statement was used to standardize the adjusted means data from each year in both the dryland and irrigated conditions using their respective means and standard deviations giving distributions of N(0,1). Since each distribution was similar, they were then combined across years for each condition giving two overall data sets; the dryland standardized set comprised of 3057 lines and the irrigated standardized set comprised of 2293 lines (again, no 2010 irrigated trial).
Association analyses were conducted using the R package GAPIT (Lipka et al., 2012) . The Q + K mixedmodel approach was used, setting the number of PCs to 3 for all analyses conducted, given the population structure present in the germplasm. The options of compression and population parameters previously determined, P3D, were selected for all analyses as well (see Lipka et al., 2012 , for further explanation). Marker-trait associations that had a false discovery rate (FDR) adjusted p-value < 0.05 were retained for further analyses. Markers with a MAF < 5% were not retained for analysis. The results of the analyses were checked using the program TASSEL v. 3.0 (Bradbury et al., 2007) to verify that the obtained results were consistent. This was done since both programs incorporate the same features such as P3D and compression.
The association analyses were also performed in an identical manner using the Q matrix generated from STRUCTURE.
Combined Results
Since the same data were being used in all three analyses, the results were compared across the three analyses. Marker-trait associations were first grouped together based on mapping to a common 2 to 3 cM region of the genome. These marker-trait association groups were further ranked by assigning a simple rating of one to three to indicate whether they were found in one, two, or all three analyses.
Those with a rating of two or three were retained for further analysis. The FDR adjusted p-value was lowered to 0.01, and marker-trait association groups that did not have at least one marker meeting this criterion were removed. Marker-trait association groups were also assessed on whether the same marker was repeatedly found significant, as well as multiple markers that had the same map position. These marker-trait associations were further crossreferenced against all reported QTLs in the GrainGenes 2.0 database (USDA-ARS, 2012), as well as through reports in the literature. Although the QTLs reported in GrainGenes are based on various biparental populations with varying map lengths, comparing significant marker-trait associations against this database provided a qualitative way to compare our results with prior studies.
Results
Phenotypic and Genotypic Data
Summary information for phenotypic data for all 4 yr, as well as the two environments (dryland and irrigated), are presented in Fig. 1 as well as Table 1 . The results of an ANOVA to assess the means of the six traits with respect to genotype, environment, and year found that there were highly significant differences (p < 10 ´ 10 -5 ) for all of the comparisons (results not shown). The summary information as well as the ANOVA results readily indicates that there was a large amount of phenotypic variation present in the Barley CAP spring barley germplasm. The standard deviations for each trait across years and environments appear to be stable, indicating that the amount of phenotypic variation in a trait was similar across years. However, the results of Levene's test for the homogeneity of variance did indicate that there were significant differences (p < 0.001) in the variances for all six traits (results not shown). The four growing seasons were also not dramatically different (Supplemental Tables S1 and S2, Supplemental Fig. S1 ).
The summary of genotypic data is presented in Table  2 . An average of 775 genotypes were analyzed each year (including the 10 common checks included in each year) with the average number of markers meeting the requirements of MAF > 0.01 and maximum missing data < 20% being 2603. The trait heritabilities for each year and environment did fluctuate as expected, but overall were fairly consistent. The following are the mean heritabilities; yield, 0.50; plant height, 0.56; heading date, 0.55; kernel plumpness, 0.68; test weight, 0.64; and protein content, 0.60. These estimates are all relatively high which is beneficial for conducting GWAS.
Population Structure
The population structure of the U.S. Barley CAP spring barley lines was investigated so population structure could be accounted for in the association analyses. The results of the PCA revealed that there was significant population structure, which came as little surprise given that breeding lines comprised the population. On average, PC 1 accounted for 30.98% of the variation in the germplasm (Table 2 ) and served to separate the genotypes into two subpopulations of two and six-rowed varieties (Fig. 2 ). This division also clearly demarcates the eight breeding programs and the amount of genetic diversity contained therein. The second PC accounted for 6.01% of the variation in the germplasm and further separated the tworowed programs, but had limited impact on the six-rowed breeding programs. Finally, the third PC accounted for 4.33% of the variation in the CAP germplasm. The structure present in the Barley CAP germplasm was consistent across years; the PC values were relatively similar for each year, with little variation among them.
The results from the STRUCTURE analysis found that the optimal number of subpopulations, K, was equal to six (results not shown), implying significant population structure. These results are consistent with those reported by Wang et al. (2012) , who also found that K = 6 in the Barley CAP spring germplasm. The six subpopulations were divided into three, two-rowed populations and three, six-rowed populations, which approximately correspond to the breeding programs. The Utah germplasm was unique in that the subpopulation was comprised almost entirely of Utah lines. Compared with the PCA, the groupings were similar.
Association Analyses of U.S. Barley CAP Spring Germplasm
Association mapping was conducted for one quality and five agronomic traits to identify marker-trait associations in the U.S. Barley CAP spring germplasm. Table  3 summarizes the results found in each analysis and presents summary information of overall results. Our approach to these hierarchical analyses was to start with the single year, single environment data sets to identify environment specific or moderate effect marker-trait associations, looking for associations that were detected across years and environments. We then proceeded to the yearly adjusted means and standardized data sets so that we could assess the consistency of these markertrait associations by comparing their results in all three analyses, focusing on the associations that were detected in multiple analyses. By using this hierarchical approach, we were better able to evaluate the validity of the marker-trait associations. The number of significant marker-trait associations that identified unique genomic regions (accounting for overlap in results among the three analyses) is as follows: heading date, 5; plant height, 9; kernel plumpness, 11; protein content, 9; test weight, 5; and yield, 2. The number of associations with supporting information in GrainGenes, as well as the published literature, is as follows: heading date, 5; plant height, 6; kernel plumpness, 7; protein content, 9; test weight, 3; and yield, 1. For the sake of brevity, refer to Table 4 for complete information on the identified marker-trait associations, as well as corresponding references in which QTLs were previously reported. A brief summary of the six traits is presented below, and the results from the STRUCTURE based analysis are reported in Supplemental Table S3 . The Manhattan plots from the analyses using PCA are shown in Supplemental Fig. S2 . The results from the association analyses using the Q matrix generated by STRUCTURE were not substantially different from those generated from using PCA; however, there were some minor differences. For simplicity, the results from the association analyses using PCA are described here, with the differences highlighted.
Heading Date
Our analyses for heading date found five marker-trait associations located on chromosomes 1H, 2H, 3H, 4H, and 7H that were consistently identified. Crossreferencing these significant associations with previous work of others, all five of these marker-trait associations have been previously identified in biparental mapping studies. We identified QTLs in the region near the two photoperiod response genes, Ppd-H1 and Ppd-H2, on chromosomes 2H and 1H, respectively, that collectively explained >2% of the trait variation (Laurie et al., 1995) . The other major QTL that we identified was on chromosome 3H at 126.27 cM, which is the genomic region where the denso gene has been mapped. The denso gene has been shown to impact both flowering time and plant height (Barua et al., 1993; Bezant et al., 1996; Laurie et al., 1995; Pan et al., 1994) . Two other marker-trait associations consistently detected were on chromosome 7H at 37.55 cM and 4H at 96.59 cM, both of which have been previously identified (Backes et al., 1995; Laurie et al., 1995; Marquez-Cedillo et al., 2001) .
The results of our analysis for heading date are similar to those of Wang et al. (2012) , who also investigated this trait using the Barley CAP germplasm and associated genotyping platform. They identified the markertrait associations on chromosomes 2H at 63.53 cM, 3H at 126.27 cM, and 7H at 37.55 cM; two of their most significant markers were the same as those identified in the present study (markers 12_30265 at 2H, 63.53 cM and 12_30893 at 7H, 37.55 cM). Wang et al. (2012) highlight that the maker 12_30893 is located within the VRN-H3 gene, which controls vernalization and is a homolog to Flowering Locus T in Arabidopsis (Yan et al., 2006) . Although none of the significant marker-trait associations that we are reporting are novel, the consistency of our results, compared with those of previous studies, lends credence to the basic genetic architecture of heading date in barley, namely that it is a trait controlled by a few, large-effect QTLs, with other minor effect QTLs most likely involved.
Plant Height
We identified nine significant marker-trait associations for plant height, located on all of the chromosomes, with the exception of chromosome 2H; three of these associations were novel. Plant height and heading date are traits that are typically correlated in barley, which is indicative of pleiotropic gene action (Bezant et al., 1996) . This was borne out by our results, in which two of the significant markertrait associations for plant height were found in the same genomic locations as those for heading date, but not in identical positions. These marker-trait associations were on chromosomes 3H at position 127.1 cM, and 7H at position 39.04 cM, and have been previously reported (Barua et al., 1993; Bezant et al., 1996; Laurie et al., 1995) . Both of these associations had relatively high r 2 values in the context of our results, 1.71 and 3.31%, respectively. The other significant associations for plant height were found on chromosomes 1H, 3H, 4H, and 5H, and collectively accounted for 6.87% of plant height variation. All have been previously reported (see Table 4 for references). The novel marker-trait associations that we identified in this work are on chromosomes 1H, 5H, and 6H, which together explained an additional 6.14% of plant height variation. The associations on 5H at position 113.83 cM and 6H at position 0 cM did have low minor allele frequencies (0.07), which is at the limit of detection. However, their FDR p-values and multiple detections in our analyses provides strong evidence that these are not false positive associations but are true significant regions of the barley genome that impact plant height. The novel marker-trait association on chromosome 1H at 47.47 cM was the only association in this study that was not also found in the analyses using the STRUCTURE generated Q matrix. The FDR p-values from the two analyses in which it was identified were 0.067 and 0.071. Although the FDR p-values are above the 0.05 threshold, they are only marginally so, and given the results from the analyses using PCA, it seems reasonable this could be a true association.
Kernel Plumpness
We detected eleven significant marker-trait associations for kernel plumpness on chromosomes 1H, 2H, 4H, and 7H, of which four were novel. Together, these QTLs explained 8.86% of the trait variation (see Table 4 for references). These associations all had very good FDR p-values (p < 10 ´ 10 -6 ), with corresponding MAF values between 0.1 and 0.2. The combination of the low FDR p-values and minor allele frequencies providing adequate sample sizes lends strength that these associations are not false positives, but represent genomic regions affecting kernel plumpness. A noticeable feature of the kernel plumpness trait was the high number of significant markers that were below an FDR p-value of 0.01. This was due to areas of the genome that were identified as significant which had multiple markers map to the same position (e.g., eight markers all mapped to chromosome 1H at 55.49 cM, a region found to be significant). The results from the analyses using the Q matrix from STRUCTURE identified all the same marker-trait associations that were found using PCA. The difference in results were that marker-trait associations were not found in as many of Table 3 . Summary of marker-trait associations found in the U.S. Barley Coordinated Agricultural Project using principal component analysis (PCA). The table summarizes the number of significant marker-trait associations found in PCA 1, 2, and 3; numbers include markers mapping to the same position. The table also summarizes how many of those unique genomic regions were identified in 1, 2, or all 3 analyses. The number of putative QTLs as well as QTLs supported in GrainGenes 2.0 and published literature are reported. Average false discovery rate (FDR) adjusted p-values and average minor allele frequencies are also reported for each separate analysis. When FDR < 0.05, markers were below the 0.05 threshold but above the 0.01 significance level. Analysis 2 used the yearly adjusted means data set, averaged over dryland and irrigated environments. Analysis 3 used standardized data. The single-year and single-environment data sets were standardized using their respective means and standard deviations. These were then combined across environments to generate two data sets, standardized dryland and standardized irrigated. Chr, chromosome on which significant marker-trait association was identified. cM, position on chromosome, in centimorgans, where significant marker-trait association was identified according to Close et al. (2009) . MAF, minor allele frequency. FDR, false discovery rate p-value, calculated according to Benjamini and Hochberg (1995) .
r 2 , percentage of trait variation explained by the SNP, taken from most significant association from the three analyses. QTL, tentative qualitative trait loci name for significant marker-trait association; name consists of trait, chromosome, and location. Effect of minor allele indicates whether the minor allele has a positive or negative impact on the respective trait. Rating indicates the rating given to the marker-trait association, see text for explanation. Type indicates whether the marker-trait association has been previously identified; if so, reported QTL name is given. Map gives the name of the supporting map in GrainGenes 2.0 in which previously identified QTL are reported.
the data sets using the Q matrix; for example, an association was only found in Analysis 2, whereas with PCA it may have been found in analyses 1, 2, and 3.
Grain Protein Content
We identified nine marker-trait associations for grain protein content on chromosomes 2H, 4H, 5H, 6H, and 7H (see Table 4 for complete information and references). The marker-trait association detected on chromosome 6H had the lowest FDR p-value. This association was located at 45.44 cM and accounted for 2.12% of the trait variation, which is relatively high with respect to our results. The association at 45.44 cM is the marker-trait association that has the largest impact; in other analyses we have conducted it generally accounts for a 1% difference in protein levels between lines (data not shown). This QTL has been previously mapped by See et al. (2002) using a biparental population made by crossing Karl, a low protein cultivar, with 'Lewis'. Further work conducted on this population by Distelfeld et al. (2008) suggested that the gene responsible for this QTL is the barley NAC transcription factor HvNAM-1. This QTL has been named Gpc-6H. Given the high FDR p-value for the marker 12_10199 (p < 9.21 ´ 10 -14 ), and its large effect on protein content, this marker appears to be in tight linkage with the HvNAM-1 gene and serves as an excellent marker for marker-assisted breeding in the reduction of grain protein content.
Test Weight
In our analyses for test weight, we identified five significant marker-trait associations with two of those being novel. Associations were identified on all of the chromosomes except 3H and 5H. The three associations that were not novel have been mapped by Marquez-Cedillo et al. (2001) using the Harrington-Morex double haploid population. The locations of those three associations are as follows: 2H at 85.92 cM, 4H at 33.38 cM, and 6H at 75.21 cM. One of the novel associations that we detected was located on chromosome 1H at 101.45 cM. The MAF value for this marker was low, 0.09, but the FDR p-value of 1.7 ´ 10 -4 indicates that this not a false positive. The markertrait association was also detected in all three analyses conducted, which also supports it being a significant marker-trait association. The other significant marker-trait association that we identified was located on chromosome 7H at 70.4 cM. The MAF value for this allele was 0.45, with a corresponding FDR p-value of 7.8 ´ 10 -4 . This markertrait association was also found in all three analyses, which strengthens the position that this is a true association that could be utilized for variety improvement.
Yield
We identified fewer marker-trait associations for yield compared with the other traits we investigated. Given the heterogeneous nature of the CAP lines, the multiple growing seasons, and the use of small, 1.22-m plots, it was challenging to get an accurate estimate of the true yield potential of the lines. The estimates of heritability for yield Table 4 . Continued.
were typically lower, which would influence the results we obtained (Table 1) . In our analyses, we identified two marker-trait associations that were on chromosomes 2H and 3H. The chromosome 2H QTL at 132.48 cM may be the same as that identified by Bezant et al. (1996) , using a traditional biparental mapping population. Their identified QTL spanned a region from 134.8 to 146.2 cM. Although our identified association falls just outside of this region, it may be the same QTL. In the analysis using the Q matrix form STRUCTURE, this association was only identified in one of the data sets, whereas in the PCA-based analysis, it was identified in analyses 1 and 3. The other marker-trait association that we identified was located on chromosome 3H at 55.57 cM; this association was novel. The MAF value for this allele was 0.08 and the corresponding FDR p-value was only 0.015, but this association did show up in all three analyses. The r 2 values for the chromosome 2H and 3H QTLs were 1.7 and 1.45%, respectively. With regard to the association on chromosome 3H, we also identified this genomic region in our plant height analyses. The correlation between plant height and yield varies considerably, so it is hard to say if it is pleiotropic gene action or two distinct QTLs.
Discussion
One of the main goals of the Barley CAP was to integrate new genomic technologies into the development of superior cultivars. To achieve this goal, the development and implementation of a common marker based platform was used to identify QTLs that could be used in barley breeding. Over the course of 4 yr, a total of approximately 3000 advanced generation lines were phenotyped in one location in two environments to provide a large data set that could be leveraged for conducting GWAS. By conducting these metaanalyses, we hoped to take full advantage of the Barley CAP germplasm, which represents the current genetic diversity in elite spring barley breeding programs in the United States. In analyzing this data set, we sought to identify the regions of the barley genome that impact five agronomic traits (heading date, plant height, kernel plumpness, grain test weight, and yield) as well as one quality trait (grain protein content). This work demonstrates the utility of using breeding populations for GWAS.
Structure of U.S. Barley Spring Breeding Populations
It has been well demonstrated that population structure can lead to an increased number of false positive associations in GWAS (Atwell et al., 2010; Pritchard et al., 2000) . Many crop species exhibit strong population structure due to factors such as geographical origins, reproductive nature, and selective breeding efforts by humans. Although population structure can adversely affect the results of association mapping, studies have been conducted in the Poaceae family, which exhibits highly structured populations. These studies include rice (Oryza sativa L., Agrama et al., 2007) , wheat (Triticum aestivum L., Breseghello and Sorrels, 2006) , and barley (Cockram et al., 2010; Massman et al., 2010; Wang et al., 2011) . Since the Barley CAP consists of lines from breeding populations which have been under high selective pressure, correction for population structure was needed. This was accomplished using PCA and a model-based analysis using the program STRUCTURE (Price et al., 2006; Pritchard et al., 2000) .
The major population subdivision was detected between two and six-rowed barley types, which has been a common feature of population structure in barley (Brantestam et al., 2007; Hamblin et al., 2010; Hayes and Szucs, 2006) . Breeders typically work within these groups, as crosses between the two groups result in progeny that are rarely suitable for cultivar development (Hayes et al., 2003) . Because of this, the subdivision between two-and six-rowed barleys also led to the separation of the breeding programs, the two major six-rowed breeding programs are the University of Minnesota and the North Dakota six-rowed program, which are clearly demarcated in Fig. 2 . The North Dakota two-rowed program was distinctly different from the other two-rowed programs, as it grouped away from the other two-rowed breeding programs.
The germplasm of the Utah program was the most distinct. It did not group strongly with either the two or six-rowed programs, but instead spread out along the axis of PC 1 and 2. When the third PC was plotted, the Utah germplasm again clustered by itself, indicating its uniqueness among the Barley CAP germplasm. This result was also found in the STRUCTURE analysis, as one subpopulation was composed almost entirely of the Utah germplasm. These results are most likely due to the fact that the Utah breeding program has been selecting for six-rowed barleys for livestock feed and agronomic performance instead of malting. Another contributing factor to Utah's unique genetic variance is the source of the parental germplasm. Most of the Utah breeding germplasm is based on North African material, which is unique among barley breeding programs in the United States. North American breeding programs are typically based on European and Asian germplasm (Horsley and Harvey, 2011) .
This division of the Barley CAP germplasm into component subpopulations has been observed before. Hamblin et al. (2010) investigated the population structure of the Barley CAP germplasm, including winter barleys, and found approximately the same groupings of lines, that is, lines fell into respective breeding programs. The Utah population was not considered a separate population due to only 96 lines from the Utah program being included in the analysis. Zhou et al. (2012) also performed an investigation of the entire Barley CAP germplasm using both PCA and the program STRUCTURE. The results from their STRUCTURE analysis found that K = 9 was the optimal number of subpopulations, but their analysis included the two additional winter barley breeding programs, which would be expected to be distinctly different from the spring barley germplasm. Their results from using PCA are similar to the groupings that we are reporting.
When the population structure was assessed separately over the 4 yr, the same pattern emerged. The values for the amount of variation explained by each PC remained consistent which led to similar groupings when graphed (Table 2 and Fig. 2) . The consistency of the subpopulations in the Barley CAP from year to year is most likely due to the nature of using breeding populations for a germplasm source, as each program has its own genetic identity that changes slowly.
Association Analyses of Agronomic Traits
Conducting replicated yield trials of all the spring Barley CAP entries at one location afforded us the opportunity to use these data in conducting GWAS in a hierarchical fashion. Our approach was to first conduct the analyses on the single-year, single-environment data sets because this would allow us to detect marker-trait associations that are specific to an environment or perhaps have moderate effects. This also served as a way to identify associations that had large, consistent effects as they would be detected in multiple analyses across years and environments. The second analysis was conducted by averaging across the two environments within a year. By doing this, we hoped to identify those marker-trait associations with moderate to large effects, confirming those found in the single-year, single-environment analyses. Associations that were significant in only one of the seven data sets were more likely viewed as potential false positives.
We next proceeded to the data sets that were standardized using their respective means and standard deviations, as described in the Materials and Methods. Given that the first two analyses were based on data sets in which field variation was controlled (i.e., environment, replication, and block effects) we felt it acceptable to proceed with data standardization. We chose to use data standardization within each year as a way to remove year effects similar to what is practiced in animal breeding by the use of contemporary groups (Bourdon, 2000) . This method has also been used in plant breeding (Skovmand et al., 2001) . We also chose standardization to deal with the heteroscedasticity of the phenotypic data. Although our approach to these analyses may seem basic, it is this simplicity and reliance on few statistical assumptions that speak to the validity of the results. Given that we were unable to fully account for all the variation due to year effects, but still able to detect strong associations through this excess noise, supports the use of our method. Of the 41 marker-trait associations identified in our study, 26 of those were found in all three analyses. This indicates that the data standardization was able to produce results similar to the other two methods which did not rely on this type of data manipulation.
The use of data standardization allowed us to combine multiple years' worth of data to better localize marker-trait associations and achieve the highest resolution possible in the Barley CAP data. Up to this point, QTL localization has been poor (i.e., QTLs declared in regions spanning 10, even 30 cM). The SNP marker platform developed through the Barley CAP made it feasible to refine these regions to much smaller intervals. By using all of the lines, we were able to take maximum advantage of years of recombination events, leading to higher resolution and tighter linkage between markers and causative genomic regions. This should be beneficial for the barley breeding community at large, since significant markers should be useful across multiple programs and environments despite being identified in just the Montana environment.
Another impetus for analyzing all lines in aggregate is that it increased the frequency of minor alleles. By increasing the frequencies of minor alleles to more moderate values, specifically those below 0.05 in the single-year, single-environment data sets, the statistical power to detect them increases, reducing the probability of false positives and assisting in identification of some potential moderate effect marker-trait associations (Mackay et al., 2009 ). This was evident in cases like the association found on chromosome 2H at 53.53 cM for grain protein content which had an overall MAF of 0.06. In the single-year, single-environment data sets, it was below 0.05. The MAF of 0.06 is at the limit of detection, but by combining all the lines we were able to detect it. This proved useful, as this region has been identified as a QTL and has been previously mapped with the Steptoe ´ Morex mapping population (Hayes et al., 1993) .
A final advantage of combining the lines across the different years was the increase in allele replication. A potential drawback to our work is the lack of line replication present in the study. Lander and Botstein (1989) highlight that the power to test for the mean allelic effects between alleles is influenced by replication of lines. However, replication of alleles and population size are large contributing factors to the power of the test for differences between allele means. Knapp and Bridges (1990) investigated the relationship between line replication, allele replication, progeny population size, and QTL parameters. Their results showed that increasing the replication of alleles as well as the population size always led to an increase in power regardless of the number of replications of lines used for the study. Given these findings, the absence of line replication in our work is easily mitigated by the extensive replication of alleles and the vast population size.
Our analyses also incorporated the use of two methods to correct for population structure, the nonparametric approach of PCA, and the model-based approach used in the program STRUCTURE. The differences in results were not substantial, but it does demonstrate the sensitivity of the different uses of population structure control. The use of STRUCTURE does appear to represent a more conservative analysis. This is best exemplified by the results for the kernel plumpness trait. In our results from the PCA, nine of the eleven declared marker-trait associations were found in all three analyses, whereas in the STRUCTURE analysis only two were (both were novel associations). Also, four of those marker-trait associations in the STRUCTURE analysis were only found in one of the three analyses we conducted; three of these four associations were previously identified QTL in biparental mapping studies.
Agronomic Traits
The results we obtained using a genome-wide association approach agree with numerous independent, traditional biparental mapping population studies conducted for agronomic traits, as can be seen in Table 4 . This serves as validation in two ways: our results obtained by using a genome-wide association approach lends support to our method of analysis, and the results also serve to validate those QTLs identified in biparental populations which have their own inherent shortcomings. Although we found only a small number of novel marker-trait associations in this study, we believe that these novel associations are true associations since their effects were large enough to be detected in such a heterogeneous population. Although this large amount of heterogeneity limits our ability to detect markertrait associations that have smaller effects, it does lead to the identification of those QTLs that have a major impact on traits. Also, detection of QTLs with minor effects is not as important, given that the application of marker-assisted selection for these QTLs would be largely ineffective; the use of genomic selection would be more applicable. By identifying those QTLs with large effects in a population with an assorted genetic background, we can be certain that these QTLs will maintain their effect as they are incorporated into other genetic backgrounds, avoiding the phenomenon of ghost or vanishing QTLs.
The r 2 values that we obtained in our results were relatively low; they ranged from 0.42 to 3.31%. These low values are not surprising, given the large amount of additive genetic variance and heterogeneous composition of the Barley CAP. With a larger amount of additive genetic variance, the trait variation is distributed over more markers than one would observe in a traditional biparental mapping study, as there are more segregating loci. Berger et al. (2012) performed a GWAS on a sample of 329 barley lines from the Virginia Tech winter barley program (also part of the Barley CAP) looking at several traits. The r 2 values that were obtained for the agronomic traits (heading date, plant height, test weight, and yield) ranged from 3 to 10%. Given that those values were obtained within just the Virginia Tech program, the results we obtained seem agreeable since the current study population encompasses eight breeding programs and a much larger sample size. Both of these results indicate that there may be more potential loci that impact these agronomic traits that remain to be found.
The marker-trait associations that we identified in the single-year, single-environment analyses are perhaps the most intriguing. Clearly there are statistical difficulties in validating them due to limited sample size, but they do offer the possibility that they are novel marker-trait associations with minor effects that might have a more prominent role in targeted environments. These marker-trait associations could serve as the genetic variability that could be used to produce optimal cultivars once the beneficial major genes have been fixed in breeding programs.
Our results also show the effects of assortative mating in self-pollinated crops as like phenotypes are more frequently mated with lines of similar phenotype, the basis of advanced cycle breeding (crosses based on good ´ good; Falconer and Mackay, 1996) . These effects are manifested by marker-trait associations being found in clusters more often than not throughout the barley genome due to the formation of linkage blocks. These linkage blocks also represent untapped genetic variability that could be utilized through breakage of these blocks through recombination, and lead to new genetic gain in populations with unfavorable linkage (Simmonds, 1979) .
The other salient feature of our results is that these major genes are still segregating in U.S. elite barley lines, which creates useful genetic variation for these agronomic traits. Most breeding programs employ advance cycle breeding, which can rapidly degrade genetic variability within a breeding program. With the genomic tools developed by the Barley CAP, breeders should be able to identify lines that are phenotypically similar but vary genetically, based on a kinship analysis using available marker data. This should aid in selection of new parents for line development by maintaining some level of genetic diversity while still intermating lines that are phenotypically similar. An example of this would be first selecting high-yielding lines from programs that are similar with regard to target environment. Next, by looking at a kinship matrix for those selected lines, given by 2f ij V a , with f ij representing the coefficient of coancestry and V a the additive genetic variance, the amount of genetic diversity between those candidate lines could be assessed. Candidate lines that are sufficiently diverse could then be evaluated based on the QTL reported in this study. Candidate lines that carry contrasting favorable alleles at these QTL could then be crossed with the hope of producing transgressive segregates identified with marker-assisted selection. Furthermore, the marker information could be used to monitor the progress of breeding to assess if favorable allele frequencies are moving in the right direction representing genetic gain.
This study addresses one of the goals of the U.S. Barley CAP, which was to identify genetic resources that could be employed to meet the ever-changing demands of production. With this work, we show that there is the potential to identify and incorporate useful genetic variation from adapted lines into the development of new U.S. cultivars with superior performance, and that the resources of the Barley CAP will greatly aid in that endeavor.
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Supplemental Figure S1 . Average daily temperature at the Arthur Post Research Farm in Bozeman, MT. Dashed line represents the mean temperature for the respective growing season, the blue line represents mean daily temperature, and the red smoothed line is LOESS fitted line. Planting typically occurs approximately at Day 14 to 21 and harvest at approximately Day 110. Data collected at Arthur Post Research Farm.
Supplemental Figure S2 . Manhattan plots of the results obtained from all analyses using PCA to control for population structure. Chromosome 10 represents markers that have not been mapped and are not included in the results.
